INTRODUCTION
Estimating spatial permeability and fluid-flow paths/barriers are key challenges in building realistic reservoir static and dynamic flow models. The challenges are mainly due to the geologic complexity of porous permeable rocks found in oil and gas reservoirs. Inaccurate permeability distributions and poorly defined flow regions may lead to incorrect history matching, and hence incorrect predictions of reservoir performance.
Since log and core data lack the spatial sampling that seismic data provides, correlations between seismic attributes and well/core-derived hydraulic units is of great interest. It has been shown that by defining hydraulic units for a specific site, spatial variations in flow properties can be predicted accurately by combining hydraulic unit values with seismic velocity data (Prasad, 2003; Emami Niri et al., 2009) .
In this study, we develop a probabilistic relationship, in a Bayesian framework (e.g. Duda et al., 2000) , between each of the hydraulic units defined at well locations, and the 3D seismic information. We use this approach to extend hydraulic unit analysis away from well locations into the full 3D reservoir volume. Since porosity and permeability distributions are obtained for each hydraulic unit as part of the process, we can use the estimated 3D seismic probabilistic relationships as constraints to geostatistically simulate porosity and permeability within the 3D reservoir, consistent with defined hydraulic flow units.
METHOD
The input data required for the workflow of the proposed method are: core measurements, well logs and angle gathers or a set of partial angle stack 3D seismic volumes. The method consists of following main steps:
Step 1: hydraulic unit analysis: Core/log-derived petrophysical properties are subjected to hydraulic unit identification based on the methodology proposed by Amaefule et al. (1993) .
Step 2: rock physics analysis: To determine which of the seismic elastic attributes best discriminate different hydraulic unit classes, a rock physics analysis using elastic log data and core measurements is performed.
Step 3: seismic inversion: 3D elastic seismic inversion is performed to derive required seismic elastic attributes (e.g. Pwave impedance, Vp/Vs, etc).
Step 4: determining probability density functions for hydraulic units: Class-conditional probability density functions for each of the hydraulic units should be constructed from a training dataset. This training data set can be derived either from the well logs over a known interval/zone of a reservoir, or from inverted seismic elastic attributes around the well locations.
Step 5: Generation of hydraulic unit probability cubes: Bayes formula should then be employed to calculate the posterior probability of each particular hydraulic unit given a set of seismic attributes. The computed posterior probability of hydraulic units over the 3D volume generates the probability cubes for different hydraulic units.
SUMMARY
We present a new method for reservoir property modeling based on integration of 3D seismic data and hydraulic flow units, and apply it to an example of a producing reservoir offshore Western Australia. Our method combines hydraulic unit analysis with a set of techniques for seismic reservoir characterization including: rock physics analysis, Bayesian inference, pre-stack seismic inversion and geostatistical simulation of reservoir properties.
Hydraulic units characterize regions and properties of fluid flow in porous permeable media, and are defined at well locations. However, usually the number of wells and their lateral coverage is extremely limited. In contrast, the lateral resolution of 3D seismic data is excellent, and this can be used to extend hydraulic unit analysis away from well locations into the 3D reservoir volume. We develop a probabilistic relationship between each of the hydraulic units defined at well locations, and the 3D seismic information. Reservoir models jointly constrained by 3D seismic and hydraulic unit analysis can therefore be useful to improve the production history matching process.
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Step 6: Geostatistical simulation: Geostatistical simulations of reservoir properties, where seismic derived probability volumes of hydraulic units are used to constrain the process.
FIELD APPLICATION
The Stybarrow field is located in the Exmouth sub-basin of the Carnarvon Basin, offshore Western Australia. The approximate water depth over the field location is 800 m. In the Stybarrow structure, oil is trapped in the high quality sandstones of the Macedon Formation. The intersection of the E-W and NNE/NE trending normal faults develop a triangular oil trap. Top, base and bounding-fault seals are provided by siltstones and claystones of either overlying or underlying geologic formations (Ementon et al. 2004 , Hill et al. 2008 ).
Hereafter, we show the application of our new workflow on the Stybarrow field in the following sections:
 Static-based hydraulic unit analysis
We use core-derived porosity and horizontal permeability at three wells in the reservoir to construct a training database for hydraulic unit discrimination. It was possible to classify the interval under study up to as many as four hydraulic units (intervals with same FZI values). However, high net-to-gross, low variation in petrophysical properties within the studied interval and our primary objective to link the classified hydraulic units to 3D seismic data, led us to define just two hydraulic units, HU1 and HU2. Figure 1a shows a cross-plot of the porosity-permeability variations in the data points of the interval studied. In Figure  1b , the data samples are colour-coded based on the defined hydraulic units. The different colours correspond to different hydraulic units as illustrated in the legend. 
 Seismic inversion
We performed simultaneous elastic inversion to produce volumes of seismic elastic attributes using near (10-20°), mid (20-35°) and far (35-50°) partial angle stacks of Stybarrow field. Prior to inversion the seismic data had been carefully processed. However, we did some further seismic data conditioning on partial angle stacks to obtain high quality results for the prestack seismic inversion. The seismic data conditioning steps include amplitude balancing, time and phase balancing, and residual move-out corrections. The process inverts for P-impedance, S-impedance and density simultaneously. In Figure 2 the snapshots of the inverted Pimpedance, density and Vp/Vs are shown; note the excellent correlation of the seismic inversion properties with the measured well log data. 
 Seismic driven probabilistic classification of hydraulic units
We apply the Bayesian classification technique to map hydraulic units using the 3D seismic data. Rock physics analysis for this data example reveals that a combination of Pwave impedance, Vp/Vs and density can help to accurately map the hydraulic units in the study area. In a sense, using multiple seismic attributes reduces the uncertainty and ambiguity in the seismic-based hydraulic unit classification process. We constructed training datasets from the upscaled log data points over the depth intervals of interest. These training datasets include the crossplots of the selected elastic attributes colour-coded by hydraulic units (e.g. Figure 3a for a crossplot of Density vs. Vp/Vs). We then described each of the colour-coded data clouds on the crossplots by a probability density function (e.g. Figure 3b ).
Figure 3: Extracted training datasets and corresponding probability density functions.
From the probability distributions, at every single point we computed the probability of each of the hydraulic units using Bayes theorem:
Where HU i is a particular hydraulic unit class; SeisA is a vector of seismic attribute; p(HU i ) is a prior probability of HU i ; p(SeisA) is probability of seismic attribute SeisA; p(SeisA|HU i ) is the probability of attribute SeisA knowing we are in HU i and p(HU i |seisA) is probability of HU i given by a seismic attribute vector.
By applying this process on the seismic inverted attribute cubes, we calculated the posterior probability of hydraulic units over the whole 3D volume. As a result, two separate probability cubes for HU1 and HU2 are generated (e.g. Figure  4 for HU2). These cubes, in fact, give the probability of the distribution of each particular hydraulic unit at the seismic scale. 
 Geostatistical simulations of reservoir porosity and permeability
In the final step of the method, seismically-derived probability cubes for hydraulic units are quantitatively integrated into the reservoir property modeling process. Since the resolution of the derived probability cubes for hydraulic units is the same as seismic data, we use an integrated approach to model the reservoir properties in a geostatistical framework. We generated several stochastic realizations of the porosity and permeability to account for natural geological uncertainties. The porosity and permeability models, shown in Figure 5a and 5b, are the averages of an ensemble of realizations for porosity and permeability, respectively. These individual or averaged realizations of porosity and permeability can be selected as the static reservoir model properties to initialize a subsequent history matching process. 
CONCLUSIONS
In this study, we present a new workflow to combine hydraulic flow unit analysis with a set of seismic reservoir characterization techniques to produce probabilistic reservoir property models. In our workflow, seismically derived probability cubes for hydraulic units are used to constrain the distribution of reservoir properties using stochastic simulation methods. Rock typing by hydraulic unit analysis is a practical method to classify the reservoir interval/zone into different fluid flow units at well locations. In our workflow, we take advantage of excellent spatial coverage of 3D seismic data to map hydraulic units over the full 3D volume of the reservoir. The use of 3D seismic data to model hydraulic units and their corresponding reservoir properties could be helpful to minimize the uncertainty in the geostatistical simulations of static and dynamic reservoir properties. In fact, it allows us to generate 3D non-stationary realizations of porosity and permeability consistent with flow units and associated reservoir properties.
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